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Abstract
Background: Transcriptional regulation of cellular functions is carried out through a complex
network of interactions among transcription factors and the promoter regions of genes and
operons regulated by them.To better understand the system-level function of such networks
simplification of their architecture was previously achieved by identifying the motifs present in the
network, which are small, overrepresented, topologically distinct regulatory interaction patterns
(subgraphs). However, the interaction of such motifs with each other, and their form of integration
into the full network has not been previously examined.
Results: By studying the transcriptional regulatory network of the bacterium, Escherichia coli, we
demonstrate that the two previously identified motif types in the network (i.e., feed-forward loops
and bi-fan motifs) do not exist in isolation, but rather aggregate into homologous motif clusters that
largely overlap with known biological functions. Moreover, these clusters further coalesce into a
supercluster, thus establishing distinct topological hierarchies that show global statistical properties
similar to the whole network. Targeted removal of motif links disintegrates the network into small,
isolated clusters, while random disruptions of equal number of links do not cause such an effect.
Conclusion: Individual motifs aggregate into homologous motif clusters and a supercluster
forming the backbone of the E. coli transcriptional regulatory network and play a central role in
defining its global topological organization.
Background
Many biological functions are carried out by the inte-
grated activity of highly interacting cellular components,
referred to as functional modules [1,2]. Motifs, considered
as overrepresented topological interaction patterns within
complex networks, may represent the simplest building
blocks of such modules [3,4]. Owing to their small size,
motifs can be explicitly identified and enumerated in var-
ious cellular networks, each network being characterized
by its own set of distinct motifs [3-5]. For example, trian-
gle motifs, referred to as feed-forward loops in directed net-
works, emerge in both transcriptional regulatory and
neural networks, while four node feedback loops repre-
sent characteristic motifs in electric circuits, but not in bio-
logical systems [4]. The high degree of evolutionary
conservation of the motif constituents within the yeast
protein interaction network [6], and the convergent evo-
lution observed in the transcriptional regulatory network
of diverse species towards the same motif types [7,8] sug-
gest that motifs are indeed of direct biological relevance.
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have interactions with nodes (i.e., the TFs and operons)
outside of the motif, we need to address how the various
motifs relate to these nodes and to each other. Here, we
demonstrate that in the E. coli transcriptional regulatory
network, the vast majority of motifs (feed-forward loops
or bi-fan motifs) overlap, generating distinct topological
units called homologous motif clusters. These clusters merge
into a single large connected component, called motif
supercluster, in which the specific motif clusters are no
longer clearly separable. As motifs are present in all cellu-
lar networks examined to date [4], it is likely that the
aggregation of motifs into motif clusters and superclusters
is a general property of cellular networks.
Results
To identify successive layers of hierarchies in the local top-
ological features of the E. coli transcriptional regulatory
network, we first established its layout based on pub-
lished data [3,9]. Following the representation of Shen-
Orr et al [3], we associate the E. coli transcriptional regula-
tory network with a directed graph in which each node
represents a gene or an operon encoding a transcription
factor (TF) and the gene or operon regulated by the TF,
while the links denote the TFs themselves. Note, that
many TFs are encoded within an operon, thus the directed
links represent direct transcriptional modulation from the
TF to an operon, or a TF-contained operon to another
operon (Fig. 1A). This representation allows us to distin-
guish between two different elementary links: 59 autoreg-
ulatory loops, in which a TF regulates its own expression,
and 519 directed links, in which a TF regulates another TF
or operon (Fig. 1A). Note, that about half of the 116 TFs
have an autoregulatory loop. For those TFs that are
encoded as single genes the same trend is also evident,
while for the TFs that are encoded as part of an operon a
significantly higher proportions possess autoregulatory
loops (Fig. 1B, middle panel).
Representation and statistics of the E. coli transcriptional regulatory networkFigure 1
Representation and statistics of the E. coli transcriptional regulatory network. a. Graphical representation of the 
network. Blue diamonds represent transcription factors (TF), while the red circles denote the regulated operons. The links are 
color-coded according to their function: blue-activator, green-repressor, brown-activator or repressor effect. The number of 
the two types of elementary links, i.e., the autoregulatory loops and the directed links, is listed at the bottom of the panel. b. 
The top panel depicts graphical representations of (1) coherent type 1 feed-forward motif (FF), (2) incoherent type 4 FF, (3) 
coherent bi-fan motif (BF), and (4) incoherent BF (see Ref. [24] for nomenclature). The red links indicate repressors, while all 
other links denote activator links. Detailed statistics of the nodes (middle panel) and the two statistically significant motifs (bot-
tom panel) found in the network. TF, transcription-factor; TF/gene, transcription-factor encoded as a single gene; TF/operon, 
transcription-factor encoded as part of an operon; BF/ mixed denotes those bi-fan motifs in which one node receives coherent 
input signals while the other node receives incoherent input signals.Page 2 of 8
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Motifs can be explicitly identified and enumerated in var-
ious cellular networks [3-7]. Within the E. coli transcrip-
tional regulatory network we detected the two previously
described motifs with uniform topology [3,7], i.e., the
feed-forward and bi-fan motifs (Fig. 1B, top panel). Both
motifs can be further classified by the functionality of
their links (activating or inhibitory). In a coherent feed-for-
ward or bi-fan motif all the directed links are activating
(Fig. 1B, top panel, 1 and 3), while in incoherent motifs
one of the links inhibits the activity of its target node (Fig.
1B, top panel, 2 and 4). We find that coherent motif types
are significantly more common than incoherent ones
both for feed-forward and bi-fan motifs (Fig. 1B, bottom
panel). We can further group the detected motifs accord-
ing to the number of autoregulatory loops they possess,
finding that both motifs have predominantly one or two
autoregulatory loops, while no motif has an autoregula-
tory loop associated with each of its nodes (Fig. 1B, bot-
tom panel).
Second organizational level: homologous motif clusters
While statistically significant motifs can be explicitly iden-
tified and enumerated, the nodes (i.e., the TFs and oper-
ons) that take part in such motifs do not exist in isolation
but almost always have additional interactions with
nodes outside the motif. To systematically identify such
interactions, we first searched for feed-forward motifs that
share at least one link and/or node with another feed-for-
ward motif (Fig. 2A). We have also performed a similar
search for bi-fan motifs that interact with each other in
this manner (Fig. 2B). We find that in the E. coli transcrip-
tional regulatory network the vast majority of motifs over-
lap generating distinct topological units that we refer to as
homologous motif clusters (Fig. 2A,2B).
Forty-one of the 42 individual feed-forward motifs coa-
lesce into six feed-forward motif clusters (Fig. 2A). Of
these six motif clusters, three have one highly shared link,
while a shared node plays a critical role in establishing the
other three motif clusters (Fig. 2A). Similarly, 208 of the
209 bi-fan motifs join together into just two bi-fan motif
clusters in which most of the links are shared by at least
two adjacent motifs, and also among multiple motifs (Fig.
2B). The majority of links within the motif clusters are
either activating or inhibitory (Figs. S1, S2, see Additional
file: 1), suggesting that most of the network motifs do not
function in isolation but are embedded into a multi-level
hierarchy of regulatory interactions. This notion is further
supported by the finding that in both cases many of the
topological motif clusters overlap to a large extent with
known biological functions. For example, one of the feed-
forward motif clusters largely overlaps with the flagella
motor module, while another contains a significant
number of elements responsible for regulating the aero-
bic/ anaerobic switch in E. coli (see Additional file: 1 for
details). While some of the motif clusters are topologically
highly similar, the number of links connecting them to
other network constituents is uneven. For example, the
cluster encompassing most elements of the flagella motor
module is relatively isolated, yet the topologically highly
similar cluster overlapping the aerobic/ anaerobic switch
is densely integrated with other motifs (Fig. 2C). This sug-
gests that despite their highly similar topology, they may
display qualitatively different dynamical features.
Third organizational level: motif supercluster
The homologous motif clusters are not isolated either, but
are embedded into the E. coli transcriptional regulatory
network as a whole. To understand the topological rela-
tions between different homologous motif clusters, we
merged all feed-forward and bi-fan homologous motif
clusters, finding that they form a single large connected
component (i.e., motif supercluster) in which the previ-
ously identified feed-forward and bi-fan homologous
motif clusters are no longer clearly separable. Indeed, we
find only one feed-forward- and one bi-fan motif to be
isolated from the obtained supercluster (Fig. 2C). This
integration is especially evident for the feed-forward motif
clusters, the vast majority of which share the same links
with the bi-fan motif clusters (Fig. 2C).
The relationship of organizational levels to the global 
network topology
When considering the full E. coli transcriptional regula-
tory network undirected, the statistical analysis of the
cumulative of its connectivity distribution demonstrates
that it belongs to a class of scale-free networks [10], as pre-
viously described [3,11] (Fig. 2E), with embedded topo-
logical hierarchy [12] (Fig. 2F), and having a single
connected giant component (Fig. 1A, also see Fig. S3,
Additional file: 1, for separate in- and out-degree distribu-
tions). To study the global relationship of motifs with the
whole topological architecture of the network, we overlay
the heterologous motif superclusters on the full network
(Fig. 2D). It is visually evident that all the nodes from the
single giant heterologous motif supercluster are part of the
giant component of the full network, comprising 41.46%
of its nodes and 53.53 % of its links, respectively. In fact,
it appears that the heterologous motif supercluster defines
the core of the connected giant component with most
other nodes being connected to its nodes (Fig. 2D). Com-
pared to the heterologous motif superstructure, the FF
motif clusters use only 20.42% nodes and 21.84% links,
while the BF motifs comprise 30.48% nodes and 38.32%
links.
To test if the heterologous motif supercluster in fact repre-
sents the backbone of the connected giant component, we
have examined the effect of removing all 250 links of thePage 3 of 8
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Motif clusters and superclusters. a. The 42 detected feed-forward loops join together forming six homologous motif clus-
ters, and one isolated motif. b. The 209 bi-fan motifs coalesce into two homologous motif clusters, and one isolated motif. In 
(a,b) motifs which share links are shown in blue, otherwise they are colored in red. The purple cross represents nodes that 
were originally provided in Reference 3. c. The feed-forward- and bi-fan motif clusters together form a heterologous motif 
superstructure. The vertex coordinates are shown as in (b). The feed-forward motif clusters are colored as in (a). The thick 
lines mark the links involved in feed-forward motifs, while curved thick lines are those shared among links of feed-forward and 
bi-fan motifs. As in a, the flagella motor cluster (2) and the aerobic/ anaerobic switch clusters (1) are indicated. d. The con-
nected giant component of the complete E. coli transcriptional regulatory network contains all components of the motif super-
structures, colored as in (c). In panel e, we plot the cumulative connectivity distribution, P(k), for the original network (shown 
in Fig. 1a), and for the networks from panels 3a-d, respectively. The solid black line has an exponent γ = -1.5, and provides the 
best fit for the original network (black circles). The clustering distribution, C(k), as a function of connectivity for the same net-
works is shown in panel f. The solid black line has slope τ = -1, and is the best fit for all networks. The clustering coefficient of 
a node is a measure of its near-neighbors connectivity, and thus for the BF motifs this value is zero.Page 4 of 8
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moter region) from the network [13]. Removing these 250
links (out of a total of 467) fragmented the network into
29 small, isolated subgraphs (Fig. 3A). In contrast, while
the removal of 250 randomly chosen links disconnected
the network into 16 small subgraphs, a connected giant
component was retained (Fig. 3B). To quantitatively char-
acterize the two types of reduced networks we compared
the statistical features of the network following the
removal of the 250 supercluster links (Fig. 3A) against
5,000 different realizations of randomized removal of the
same number of links (of which one realization is shown
in Fig. 3B). For networks perturbed by random link
removal the cumulative of the connectivity distribution
(Fig. 3C), and the scaling of Ck and k (Fig. 3D) were rela-
tively unaltered, being reminiscent to that observed for
the original network (Fig. 2E,2F). However, for the net-
work in which those links contributing to the supercluster
were missing the scaling of Ck and k was completely
absent (Fig. 3D). This observation quantitatively demon-
strates the collapse of the network structure and its inher-
ent topological hierarchy upon the targeted removal of
the links of the motif supercluster.
Discussion
Most cellular functions are significantly influenced by the
activity of transcriptional regulatory networks within liv-
ing cells [14,15]. Identifying the connections [5,16,17],
and decoding the organizational principles and system-
level features [3,4,14,18-20] of such networks is a key
challenge of post-genomic biology. Here, we extend the
established motif framework [3-5] for the systematic iden-
tification of topological organizational layers within the
E. coli transcriptional regulatory network. We show that
the overwhelming majority of motifs combine to form
homologous motif clusters, which further coalesce into a
supercluster that serves as the backbone of the whole net-
work. In the absence of the links that constitute the motif
supercluster the network is fragmented into small isolated
components.
These findings bring up a number of important questions.
First, how do the identified topological features define
and restrict the dynamical activity of the network? The var-
ious types of TF binding to promoter elements of genes
and operons are able to establish a number of various out-
put activities, as demonstrated both experimentally and
through theoretical work, especially when small genetic
circuits are considered [18-23]. However, the emergence
of motif clusters and the motif superstructure suggests that
the dynamical features of operon activities may be modi-
fied compared to that seen in individual motifs [24,25].
Yet, the universal presence of motifs within biological and
non-biological networks, and their apparent type selec-
tion according to the function of the given network [4],
strongly suggest that the dynamical range of activity is ulti-
mately restricted by the observed topology.
From a global perspective it appears that a scale-free archi-
tecture with embedded hierarchical modularity is a gen-
eral feature of cellular networks [12]. Thus, the
unexpected finding that the motif supercluster represents
the core determinant of the network topology suggests
that similar organizational layers will also be found in
other biological networks. Also, the convergent evolution
of the same motif types in the transcriptional regulatory
network of E. coli and Saccharomyces cerevisiae implies a
sign of optimal design [7]. The identified organizational
layers may thus represent an outcome of a unique balance
between evolutionary processes, specific cellular function,
and the dynamical range required for a robust overall
functionality within the highly variable environment in
which most living organisms exist.
Conclusions
This analysis demonstrates that individual motifs of the E.
coli transcriptional regulatory network aggregate into
homologous motif clusters and supercluster that are key
determinants of the network's global topological organi-
zation, and which may represent distinct organizational
hierarchies of transcriptional regulation. As motifs are
present in all cellular networks examined to date, it is
likely that the aggregation of motifs into motif clusters
and superclusters is a general property of all cellular
networks.
Methods
Database and motif identification
For the transcriptional regulatory network of E. coli we
have used the data provided by Alon and coworkers [3]
that is largely based on the Regulon DB [9], and was
downloaded from http://www.weizmann.ac.il/mcb/
UriAlon/ (version 1.1). The resulting network has 423
operons and 578 regulatory interactions, and the links
defined by these interactions are directed. For detecting all
n-node network motifs we used a method similar to that
of Milo et al [4]. Briefly, the method is based on the iden-
tification of motifs by searching all rows of the adjacency
matrix M [4]. For each non-zero element (i,j) representing
a link, it scans through all neighbors of (i,j). This is per-
formed recursively for all other elements (i,k),(k,i),(k,j)
and (j,k) until a specific n-node motif is detected. Subse-
quently, the detected motifs are compared to the motifs
found in previous steps and eliminated if they are already
in the database. For a stringent comparison to rand-
omized networks, we generated networks with precisely
the same number of operons, interactions, transcription
factors and number of incoming and outgoing edges for
each node as in the real E. coli network. The corresponding
randomized connectivity matrices, Mrand, have the samePage 5 of 8
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the corresponding row and column of the real connectiv-
ity matrix M; that is: ΣiMrandi,j = ΣiMij. To generate the ran-
domized networks we used a Markov-chain algorithm, as
previously described [26]. Briefly, a Markov-chain algo-
rithm is based on starting with the real network and
repeatedly exchanging randomly chosen pairs of connec-
tions (X1Y1, X2Y2 is replaced by X1Y2, X2Y1) until the
network is well randomized. Similar results can be
obtained using the connectivity matrix M. In this case, the
Network fragmentation under random- or targeted link removalFigure 3
Network fragmentation under random- or targeted link removal. a. We have removed the links among nodes of the 
FF and BF motif clusters from the original network. b. The same number of links as in (a) are removed randomly. In order to 
determine qualitatively the difference between removing the links of FF and BF motif cluster and randomly removing the same 
number of links, we have determined (c) the connectivity distribution, P(k), and (d) the clustering distribution, C(k) of the 
remaining networks. The distributions for random removal of links have been averaged over 5000 different samples. The solid 
line in panel c has slope γ = -2, and is the best fit for the random link removal. The solid line in panel d has slope τ = -2. We do 
not show C(k) for the network in panel a, since the clustering coefficients for all nodes by definition are zero. The deviation 
from the solid line in panels c,d, are caused by the TF, crp, which represent the most connected node of the network.Page 6 of 8
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the same number of non-zeroes on each row and column,
as in the original connectivity matrix. Starting with an
empty matrix a random element Mmn is chosen and it is set
to 1 if its previous value was 0. The process is repeated
until all rows and columns have the same number of
nonzero elements as in the original matrix.
Characterization of global network features
We have determined the cumulative of the connectivity
distribution P(k) for various subnetworks of the original
regulatory network by counting all nodes with a given
connectivity distribution. All networks are assumed undi-
rected, the degree distribution ki being defined as the total
number of incoming and outgoing links for a given node
i. It is possible to measure the in-degree and out-degree
distribution, although the results will be noisy due to the
relative small size of the subnetworks.
The clustering coefficient of a node gives the probability
that its neighbors are connected to each other. It is defined
as the number of directed links between the nearest neigh-
bors of a node i divided by the total possible number of
links between them. Thus, it is higher for a highly con-
nected group of neighbors, while a loosely connected
group has a clustering coefficient close to 0. It is important
to notice that in a feed-forward loop (triangle) motif all
nodes have a clustering coefficient Ci = 1, while in a bi-fan
(square) motif (or in any loop with more than 4 links not
reducible to lower order loops) all nodes have clustering
coefficient Ci = 0. Since the clustering coefficient deter-
mines how connected a network is, we have disregarded
the links' direction.
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